Supercapacitors offer an attractive energy storage solution for lifetime "fit and forget" photovoltaic (PV) energy harvesting powered wireless sensor nodes for Internet of Things (IoT) applications. Whilst their low storage capacity is not an issue for sub-mW PV applications, energy loss in the charge redistribution process is a concern. Currently, there is no effective method to estimate the storage of the supercapacitor in IoT applications for optimal performance with sub-mW input. The existing energy-based method requires supercapacitor model parameters to be obtained and the initial charge state to be determined, consequently it is not suitable for practical applications. This paper defines a charge-based method, which can directly evaluate supercapacitor's storage with straightforward calculations. Time constant analysis and experimental tests demonstrate that with the newly proposed method, the manufacturer-specified tiny leakage current, although measured long after postcharge (e.g., 72 h), can be directly used, making the storage estimation for a supercapacitor in IoT applications as simple as that for an ordinary capacitor. In addition, the demonstrated tiny leakage current at the required energy storage for a sub-mW PV-powered IoT application enables a supercapacitor alone to be employed as the storage mechanism, thus achieving lifetime battery-replacement-free, self-powered IoT nodes.
I. INTRODUCTION
P HOTOVOLTAIC (PV) energy harvesting provides a potential solution for "fit and forget" self-powered autonomous nodes used in wireless sensor networks (WSN)/Internet of Things (IoT) applications, making it unnecessary to replace the battery over the product lifetime. It is estimated that there will be 45 billion WSN/IoT nodes existing in the world by 2020 [1] ; therefore, a maintenance-free energy harvesting solution will soon become a very attractive solution, since environmental and economic costs of replacing and maintaining batteries will be excessive.
For indoor IoT applications, such as smart buildings or independent living, environmental or physiological parameters often change slowly, so sensors located in the IoT nodes need to measure in minutes/hours/days rather than continuously. The power that an ambient energy harvester can produce might be lower than that required for an individual measurement, but the harvested energy can be continuously accumulated into energy storage components [such as a Lithium (Li) battery or a supercapacitor] so that a high-power pulse can be supplied for a short-term measurement.
The power density of indoor PV energy harvesting devices (10-20 μW/cm 2 ) is much higher than that of RF (0. 1 μW/cm 2 for GSM, 0.001 μW/cm 2 for WiFi), making PVs the most suitable for indoor IoT applications. However, when considering that the energy harvested from a credit card size (85 × 55 mm) indoor PV panel is lower than 0.8 mW, either a Li-battery or a supercapacitor must be used in conjunction with the sub-mW indoor PV energy harvester to provide the required storage capacity.
The total number of recharge cycles for the lifetime of a Li-battery is several hundreds. Although a Li-battery/ supercapacitor hybrid storage system can extend the battery lifetime, to some extent, by reducing battery peak discharge current, there is no guarantee that the requirements for lifetime "fit and forget" applications can be fully met when considering the limit on the number of recharge-cycles. By contrast, a supercapacitor can withstand millions of charge cycles (corresponding to an estimated 20 years lifetime [2] , [3] ), giving it a significant advantage as an energy storage solution for lifetime "fit and forget" IoT applications.
The energy loss caused by self-discharge of a supercapacitor [4] is a concern when using a supercapacitor alone, especially in sub-mW energy harvesting powered IoT applications. A method to calculate the storage energy loss during the charge redistribution process for energy-sensitive IoT applications has been identified [4] . It requires the use of a supercapacitor model, which is usually not directly available from the manufacturer, so further measurements are required to obtain the model parameters [5] , [6] and, most importantly, it requires the charge state of the supercapacitor (the initial conditions of the energy storage calculation [7] - [9] ) to be known, making the method impractical. On the other hand, given that the storage of the supercapacitor can be evaluated via either the energy (½CV 2 ) or the charge (CV), a charge-based storage evaluation method may simplify the supercapacitor's storage evaluation for PV-powered IoTs.
It has been reported that the self-discharge of the supercapacitor changes with time and is relatively high in the first hours after charging [10] . However, the available self-discharge related parameters provided by the manufacturer, such as the leakage current, is measured a relatively long time after charging, for example, 2.0 μA leakage after 72 h postcharging for the 5.4V 0.5F supercapacitor from VinaTech. In IoT applications, the storage supercapacitor is repeatedly charged and discharged in every measurement period, which is highly unlikely to be longer than 72 h.
The self-discharge current of the supercapacitor in an indoor PV energy harvesting application has been reported as being as high as a half of the average load current [11] . It has also been concluded that "using a supercapacitor alone as a long-term storage solution is unfeasible for sub-mW indoor PV energy harvesting applications" due to the high self-discharge rate of the supercapacitor [12] . Nevertheless, for a PV energy harvesting powered IoT node with supercapacitor storage, tested under solar irradiance of 100-440 W/m 2 [13] (corresponding to tens of mA PV current), the μA self-discharge level of the supercapacitor was of no concern. However, for indoor applications when the illumination conditions are set as 200 lx (0.3 W/m 2 ), a PV of the same size will produce a current in tens of μA, making it impossible to ignore the μA leakage current level of the supercapacitor. Recently, an indoor PV energy harvested IoT node using a supercapacitor alone as storage has been presented [14] , which demonstrated that the dynamic leakage current of the supercapacitor is low for this application. This finding has been supported by a recent paper estimating the dynamic leakage current of supercapacitor in an IoT sensor node [15] . Therefore, if the leakage current of a supercapacitor is as low as reported, there is a possibility to use a supercapacitor alone as the storage in sub-mW indoor PV energy harvesting applications to provide a lifetime, battery replacement-free, solution.
This paper proposes a novel charge-based supercapacitor storage evaluation method to calculate the available storage in indoor PV energy harvesting powered IoT applications. This work was carried out during an Innovate UK project, looking at smart air quality control in buildings using autonomous IoT nodes with a supercapacitor as the sole energy storage component. Section II describes the proposed charge-based storage evaluation method to be used when the power management strategy is focused on maintaining charge stored in the supercapacitor in order to ensure that the total charge to the supercapacitor is not smaller than the total discharge. Section III details the validation experiments demonstrating that the leakage current of the supercapacitor in an IoT application is the same as that of the manufacturer-specified value, so the charge stored in the supercapacitor can be directly calculated based on the newly proposed method. Finally, Section IV concludes this paper.
II. CHARGE-BASED STORAGE EVALUATION FOR A SUPERCAPACITOR

A. Charge Redistribution Caused Energy Loss
The capacitance C(t) of a supercapacitor is typically modeled by a leakage path of R leak and a number of parallel RC branches [15] . The time constant (τ ) to fully charge a supercapacitor is expressed asτ = n i=0 (C i × i j =0 R j ), where C 0 represents the capacitance formed near the electrodes and a larger n represents the equivalent components in a deeper branch. Fig. 1 shows the charge/self-discharge profile of a supercapacitor, demonstrates that the supercapacitor is charged by a constant current to V 1 and then the terminal voltage of the supercapacitor exponentially drops to V 2 , caused by the charge redistribution process. This charge redistribution process transfers charge to deeper branches, making the capacitance of a postcharge supercapacitor increase with time to reach its nominal value at the end of the charge redistribution process. This is because at the end of the charge redistribution process, the current flow through the internal resistor R n is almost zero, making all the capacitors in the charge branches virtually be in parallel.
In IoT applications, the charge/discharge period, which is the entire measurement period including the active measurement phase and the sleep phase, is much shorter than 72 h. As a result, the supercapacitor stays in the beginning of the charge redistribution process for each measurement period where the exponentially reducing terminal voltage corresponds to an exponentially varying current. When this current flows through the internal resistance of R n , it causes stored energy loss. A simplified two-stage supercapacitor model, as shown in Fig. 2 , which accurately simulates several hours postcharge behavior of the supercapacitor [9] , [16] - [18] , has been used for storage estimation in an IoT process [4] , where energy loss in the charge redistribution process can be calculated as t 0 0 i 2 1 (t)R 1 dt. However, this method is difficult to implement since the model parameters of a commercially available supercapacitor are unknown and the initial charge conditions are different from one application to another.
B. Charge-Based Supercapacitor Storage Estimation
When a supercapacitor is used as the energy storage in IoT applications, the supercapacitor is repeatedly charged in sleep mode (denoted as T 1 ) and discharged in active mode (denoted as T 2 ) of every measurement period T = T 1 + T 2 . The amount of charge stored in a supercapacitor can be calculated using the capacitance multiplied by the terminal voltage (C × V), whereas the amount of the charge change can be calculated using the charge/discharge current multiplied by the charge/discharge time (I × t). When the energy harvested is larger than that consumed in the period T, the supercapacitor has a net charge, so an unremitting terminal voltage increase can be observed for each period, otherwise the net discharge results in a decrease in terminal voltage.
To evaluate the amount of charge stored in the supercapacitor, the indoor PV energy harvesting powered IoT node is analyzed in current mode, as shown in Fig. 3 . The amount of charge change (ΔQ) of the supercapacitor in an entire measurement period can be written as
where
In sub-mW indoor PV-powered IoT applications, the μA PV charge current in sleep mode does not cause an observable charge redistribution process, i.e., charge transfer between C 0 and C 1 . The tens of mA discharge current in active mode incur charge redistribution, a process that starts at the end of active mode; in view of this, the direction of the charge redistribution current of i 1 shown in Fig. 3 is not the same as that shown in Fig. 2 where the charge redistribution process happens after charge. The charge reduction from C 1 at time t 0 of the charge redistribution process is t 0 0 i 1 (t)dt, which is the same as the charge increased in C 0 , since the current to discharge the capacitor C 1 is the same as that to charge C 0 . Therefore, the total amount of charge stored does not vary. For charge redistribution, only the leakage path of R leak in Fig. 3 should be considered in a charge-based storage evaluation; no other calculations are required.
Using formula (1) to calculate the charge stored in the supercapacitor for an IoT application seems straightforward: I load is a known parameter for a specific application and I pv is a known parameter for a given illumination condition. However, the manufacturer-provided I leak , a long time postcharge, is measured and thus intuitively it seems hard to evaluate how this parameter can be directly used to calculate the charge stored in the supercapacitor, where it is charged/discharged in the much shorter measurement period.
The charge redistribution induced current i 1 (t) shown in Fig. 3 can be expressed as
where V 0 and V 1 denote the voltages across capacitor C 0 and C 1 after charge which are charge history related (V 0 <V 1 ). When t >> τ = R 1 C 2 , charge redistribution is completed resulting in i 1 (t) 0 and accordingly it holds
therefore, it is possible to obtain the leakage current of the supercapacitor via terminal voltage and the nominated capacitance C using I leak = C × ΔV/Δt, where Δt = t 2 -t 1 and t 1 , t 2 >> τ to ensure the capacitance of the supercapacitor is the nominated one.
To demonstrate that the time constant of the charge redistribution is much smaller than the 72 h (typical leakage current measurement time after charge [10] ), the parameters of the supercapacitor models from the literature are listed in Table I . The calculated time constants for charge redistribution of the supercapacitor are within 10 min and therefore, when leakage current is measured by the manufacturer, no leakage current from the charge redistribution process is included in the measurement, due to the condition of t >> τ (72 hours is hundreds times larger than the time constant of charge redistribution). Therefore, the manufacturer-provided leakage figure is the I leak value shown in Fig. 3 and in formula (1) . It is concluded that although the time duration of the charge redistribution process depends on the charge history (amount of charge, initial charge condition, etc.), the charge redistribution process terminates far earlier than the end of the sleep period in sub-mW powered IoT applications [15] . This makes formula (1) a powerful tool for optimizing the PV powering system using ΔQ = CΔV at the end of sleep mode where C is the nominal value of the supercapacitor. Knowing the leakage current of the supercapacitor, the minimum measurement period at a given illumination T min can be calculated by setting ΔQ = 0 (can be inferred by ΔV = 0) in formula (1) . Similarly, the minimum PV panel area can be calculated for a given measurement period, since the maximum total discharge (discharge for a measurement plus discharge in sleep mode) required for a whole measurement period is known in a specific application.
To summarize, the proposed charge-based storage estimation method can directly use the manufacturer-provided leakage current to calculate the total charge stored, which entirely avoids the complicated calculation for energy loss during the charge redistribution process. Accordingly, this new method is generic for any IoT application since it is independent of the initial charge state and charge history of the supercapacitors.
III. VALIDATION EXPERIMENTS
The IoT node developed for building air quality control, as shown in Fig. 4 , is composed of a PV power supply, a microcontroller, and the wireless link. When a low-power CO 2 gas sensor [19] is adopted to measure CO 2 levels every 150 s, it requires 4.24-mC total discharge (including active and sleep modes) in an entire measurement period [14] . The circuit diagram of the system, which employs a supercapacitor alone as the storage for indoor sub-mW PV energy harvesting power supply to achieve a lifetime battery-replacement-free solution, is shown in Fig. 5 . At the recommended lowest indoor illumination level of 200 lx, the open-circuit voltage of the 50 × 20 mm indoor PV panel is 4.6 V, whereas the short-circuit current is 45 μA. The high PV output voltage makes it possible to directly store the PV harvested energy into a supercapacitor using a simple charger, in this case the LTC4071 from Linear Technology. V H /V L is the overcharge/overdischarge protection voltage. D 2 is a protection diode to stop the PV panel being charged by the 5.4V 0.5F VinaTech supercapacitor when the illumination condition is poor. R 0 is a charge current limitation resistor to protect the whole charge circuit.
According to the proposed charge-based storage evaluation method, the amount of charge from the PV (at 200 lx) in an entire measurement period can be calculated as 45 μA × 150 s = 6.75 mC, the leaked charge can be calculated as 2 μA × 150 s = 0.3 mC, and the known amount of discharge from the load is 4.24 mC, so the net charge in a measurement period is calculated as 6.75-0.3-4.24 = 2.21 (mC), corresponding to a terminal voltage increase of 2.21 mC/0.5F = 4.42 mV for each measurement period. Experiments carried out to validate the above-mentioned calculation, by recording and analyzing the terminal voltage of the supercapacitor, are described below.
A. Leakage Current Validation
The key point of the newly proposed method is that the leakage current of the supercapacitor in an IoT application is the same as the manufacturer-specified one. To validate this, the circuit shown in Fig. 5 has been attached to a simulated IoT load, as shown in Fig. 6 , so that the amount of discharge by the load can be obtained via recording the terminal voltage of the supercapacitor. The simulated load contains two load resistors, R 1 = 200Ω for active mode, and R 2 = 1MΩ for sleep mode. A mode switch connects the supercapacitor to its load; it is controlled to respond at a measurement timing of 250-ms active mode in a 150-s total measurement period, corresponding to the timing for practical CO 2 measurements.
The idea of this experiment is that by using the recorded terminal voltage, the amount of discharge (Q dis ) of the supercapacitor in a measurement period can be expressed as
where t 1 is the measurement start point in sleep period, T 2−s and T 2−e are, respectively, start and end active modes (T 2−e -T 2−s = T 2 ). The amount of charge change ΔQ in a measurement period can be expressed by
where the variation of the capacitance of the supercapacitor C(t) in formula (5) is reflected by terminal voltage change of the supercapacitor. When t 1 in formula (5) is selected in sleep mode, the effective charge current I e−c = I pv − I sleep − I leak (shown in Fig. 6 ) is a constant, so the capacitance of the supercapacitor can be expressed as
where is a constant, C(t) will be a constant so the charge redistribution process should be completed and it holds C(T + t 1 ) = C and C(t 1 ) = C (C is the nominal capacitance). Therefore, formula (5) becomes
This makes ΔQ an obtainable figure. Combining formulae (1), (4), and (7), the target of experimentally acquiring the leakage current of the supercapacitor in IoT applications can be achieved. Fig. 5 ), R 2 is 200 Ω and C = 0.5 F.
The timing signal of 250 ms for active mode and 149.75 s for sleep mode has been created using a signal generator to control the mode switch in Fig. 6 , as well as to trigger the four-channel oscilloscope (MSO9064A), which runs in segmented memory mode to record the required voltage data. The high-resolution mode (12 b) of the oscilloscope is selected. The data recording sample rate is set as 2 KSPS rather than the required 250 SPS (calculated from the minimum 4.5-ms sampling period) allowing data averaging to improve the signal to noise ratio. The indoor PV panel has been illuminated at 200 lx and the PV current is recorded using a Keithley 2450 SourceMeter. Additionally, the trigger signal is recorded as the timing reference.
2) Results: Supercapacitor voltage segments in 45 successive periods are recorded, as shown in Fig. 7(a) . Curves from the bottom to the top correspond to period numbers 1 to 45, demonstrating that the energy harvested is larger than that consumed in each period. Each curve start point (t = 0) corresponds to the measurement point at 150 ms, just before the end of sleep mode, and the voltage drop observed is due to the internal resistance of the power supply when the mode switch turns ON to active mode. Similarly, a voltage jump is seen when the mode switch turns OFF. Note that the starting voltage of each curve is the voltage at the end of previous charge period. The voltage of each curve at 100 ms has been plotted in Fig. 7(b) as the blue curve (marked with "o"). This shows an increasing voltage after each entire measurement period. The linear relationship implies that the net charge change to the capacitor in every measurement period is almost the same. The PV supplied charge current is shown as the red curve (marked with " ") in Fig. 7(b) as well. The recorded PV current changes are smaller than 0.6 μA within 2 h when the supercapacitor voltage changes from 3.703 to 3.817 V, verifying that PV current during the recording period can be treated as a constant of the mean value of 44.9 μA. Since the employed oscilloscope has an input impedance of 1 MΩ, a leakage path with 1 MΩ resistance in parallel with the supercapacitor in Fig. 6 is included for later leakage current calculation.
The linearity of the terminal voltage [0-350 ms in Fig. 7(a) ] was examined, as shown in Fig. 7(c) ; it shows the voltage difference after 40 consecutive periods to reduce the measurement noise effects, and it demonstrates that before the end of the sleep mode, the voltage change is constant. Since this constant voltage change period is observed before the end of sleep mode, it implies that the supercapacitor is in a steady state with the nominal capacitance. In contrast, the voltage change in active mode [from 150 to 350 ms in Fig. 7(c) ] is not constant, indicating a capacitance change period.
The terminal voltage change at before the end of sleep mode has been used for charge calculation. The experimental results and the leakage current calculated using C = 0.5 F at t 1 = 100 ms in Fig. 7 (a) are shown in Table II . It shows that the measured average leakage current (1.8 μA) is almost the same as that specified by the manufacturer (2.0 μA). Therefore, the key point of the proposed method, that leakage current of the supercapacitor in IoT applications is the same as the manufacturer-specified one, has been validated experimentally.
A full comparison between the calculated results acquired through the proposed method and the experimentally measured results is listed in Table III . The first measurement period, where the terminal voltage of the supercapacitor is set at 3.703 V and the PV supplied current is 45 μA, has been used for calculations performed in accordance with the proposed method. The I load has been calculated using formula (1) , and the ΔV is calculated using I e c × T = C × ΔV . The calculated terminal voltage increase after a measurement period is 2.54 mV, which represents a 0.4% difference from the average of 2.53 mV calculated using the 45 measurement periods shown in Fig. 7 (b) (voltage increased from 3.703 to 3.817 V), demonstrating that the proposed method can be used for charge storage estimation in supercapacitor's IoT applications.
B. Validation Through a Practical IoT Application
CO 2 concentration measurements, using the indoor PV energy harvesting powered autonomous IoT sensor nodes shown in Fig. 4 , have been carried out for further validation of the proposed method, since the leakage current of the supercapacitor listed in Table II is a "typical" value obtained by using the maximum quiescent current (0.5 μA) of the power management chip of LTC4017. In this experiment, the terminal voltage increase of the supercapacitor was measured after an entire measurement period so that the supercapacitor leakage current and the quiescent current of the power management chip could be taken into account as a whole.
During the validation, the sensor node was being set in active mode for 250 ms in every 150 s when the indoor PV energy harvester was illuminated at 200 lx. The Keithley DMM7510 multimeter was recording the supercapacitor terminal voltage at 100 ms before the end of sleep mode of each measurement period, as shown in Fig. 8(a) . This demonstrated that the terminal voltage of the supercapacitor increased from the precharged 4.099 V to the preset overcharge protection voltage of 4.195 V in 80 measurement periods.
The curve shown in Fig. 8(a) is composed of three parts. In the first 14 measurement periods, the terminal voltage increases almost linearly. This is then followed by a nonlinear voltage increase area until the period 61, and finally the terminal voltage is fixed at 4.195 V during the rest of periods due to the overcharge protection. The average effective charge current for the first 14 periods is calculated as C Δ V 14T = 9.76 μA. When considering that the known total load discharge is 4.24 mC in the 150-s measurement period, corresponding to a discharge current of 28.3 μA, it seems that the experimentally obtained leakage current of the supercapacitor of [45 μA (PV charge current) -28.3 μA (load consumed current) -9.76 μA (effective charge current)] = 6.94 μA is much higher than that of manufacturer specified of 2.0 μA. This result seems conflicting to the validated result in Section III-A wherein the leakage current of a supercapacitor in an IoT application is the same as that specified by the manufacturer. The explanation is that in the measured I-V curve of the adopted PV panel [shown in Fig. 8(c) and (d) ], the constant PV output current [the linear parts shown in Fig. 8(c) and the flat parts shown in Fig. 8(d) ] exists only before the operating voltage of the PV reaches its maximum power point. The maximum power point of the adopted PV at 200 lx is 4.17 V, as shown in Fig. 8(c) , whereas the averaged supercapacitor voltage in the first 14 periods shown in Fig. 8(a) is 4.1 V. Since there is a 0.2-V voltage drop on the diode (shown in Fig. 5 ), the actual PV operating voltage in this experiment is 4.3 V (4.1-V supercapacitor voltage plus a 0.2-V diode voltage drop), corresponding to a 40.2 μA PV current, as shown in Fig. 8(d) . The actual leakage current of the supercapacitor obtained by this experiment should be updated as [40.2 μA (PV charge current)-28.3 μA (load consumed current)-9.76 μA (effective charge current)] = 2.14 μA (including the quiescent current of LTC4017), which is similar to the total leakage current of 2.3 μA listed in Table II .
Since the PV current at operating voltage of 4.3 V is 40.2 μA, the amount of charge from PV should be updated as [40.2 μA × 150 s] = 6.03 mC. The calculated voltage increase at the beginning of Section III should be updated as [(6.03-4.24-2.14 × 0.15) mC/0.5] = 2.94 mV, which is almost the same as the measured average voltage increase in the first 14 periods of (4.14-4.009)V/14 = 2.93 mV (< 0.3% error). The nonlinear terminal voltage increase in Fig. 8(a) can be explained by the gradual decrease in PV current with the gradually increasing operating voltage of the PV, as shown in Fig. 8(d) , when the operating voltage of the PV is over the maximum power point. Repeating the experiment at the illuminating condition of 100 lx, the terminal voltage of the supercapacitor decreases, as shown in Fig. 8(b) . According to the proposed method, the amount of charge that the PV provided in a measurement period at 100 lx (22.5 μA PV current) is calculated as 22.5 μA × 150 s = 3.875 mC, which is already less than the load discharge of 4.24 mC. As a consequence, the terminal voltage of the supercapacitor keeps decreasing in each measurement period. It should also be noted that the discharge rate in Fig. 8(b) decreases at the beginning and then it is almost constant after the terminal voltage becomes lower than 4.0 V, which can be explained when considering the maximum power point of 4.0 V at 100 lx, as shown in Fig. 8(c) .
In summary, the experimental results shown in Fig. 8(a) and (b) demonstrate that the supercapacitor storage can be accurately predicted by the newly proposed method, therefore, the proposed method can be directly used for calculation of the storage capacity of a supercapacitor for IoT applications.
It is worth noting that the quiescent current of a commercially available power management chip is reported as 325 nA [20] and the developed application system using this chip (such as Bluetooth Low Power beacon [21] ) seems to have already provided a solution for indoor PV-powered applications. However, when the illumination goes down to 250 lx, the reported PV-harvested power of ∼200 μW cannot charge the adopted supercapacitor when the load power consumption is set as 180 μW, even without considering the power consumption contributed by the leakage current of the supercapacitor. The reported operating illumination is 450 lx corresponding to an almost doubled harvesting power while the load is still set as 180 μW. Since no quantitate calculation exists, it is reasonable to assume that 450 lx is the lowest usable operating illumination, suggesting that the reported power management solution cannot be utilized for sub-mW indoor PV energy harvesting. In contrast, the charge-based method reported in this paper can provide a feasible solution by direct calculation. The leakage current of the adopted supercapacitor is specified as 2.0 μA and the specified maximum current consumption of the charge management chip is 0.5 μA. When the operating voltage of the system is set as 4.0 V, the supercapacitor and the adopted simple charger chip consume a total power of 10 μW; therefore, after powering the required 180 μW, there is still 10 μW left for charging the supercapacitor. In fact, when the ultra-low-power power management chip reported in [20] is connected to the indoor PV panel, adopted in this paper, at 200 lx (180-μW harvested power), the observed terminal voltage of the supercapacitor decreased even when there is no load applied, indicating that the supercapacitor is not charged at all.
C. Discussion
When a 0.5-F supercapacitor is charged at 50 mA current and then discharged at 50 mA current after 5 min, the recorded terminal voltage changes, as shown in Fig. 9(a) (case A and  case B ). This clearly demonstrates the two charge redistribution processes that consume energy. In case A shown in Fig. 9(b) , an exponential drop in the terminal voltage of 100 mV can be observed after 60 s of charge. Similarly, in case B shown in Fig. 9(c) , an exponential voltage rise can be observed. The supercapacitor is charged again at point C at 50 μA current and charging is stopped at point D shown in Fig. 9(d) . The almost linear terminal voltage curve around C and D demonstrates that there is minute charge redistribution process. In practice, at least one charge redistribution process can be observed at the end of active mode in sub-mW indoor PV-powered IoT applications.
Charge redistribution incurred energy loss can be high. When considering that the energy loss of the charge redistribution between two identical capacitors can be as high as 50% when the initial charge condition is set as one fully charged and the other empty in charge, energy loss of the charge redistribution process must be taken into account for energy-based storage evaluation. Referring to Fig. 2 , energy loss in charge redistribution process can be obtained using formula (2) as
C 0 +C 1 and n = 3-5, V 0 and V 1 are the initial voltages of the charge redistribution. The term nτ 0 (e − 2 t τ )dt is constant for a given model after the completion of charge redistribution, so the energy loss is mainly determined by (V 0 − V 1 ). If the initial charge state parameters of V 1 and V 0 are known, energy loss can be easily calculated, as reported in [9] . In practical applications, (V 0 − V 1 ) is usually unavailable. Even with a known charge current, (V 0 − V 1 ) cannot be obtained, since when referring to Fig. 3 , the initial charge state parameters of V 1 and V 0 in formula (8) are determined by the charge process as
where i 0 and i 1 denote the currents flowing through capacitance C 0 and C 1 . Formula (9) has three unknown parameters in two equations so it has infinite solutions, making simulation the only possible way for energy-based storage evaluation.
In contrast, the charge-based storage estimation method analyzes the circuit in current mode [22] using the amount of charge calculated by I × t, which is more suitable for the PV-powered applications, where PV cell is modeled as a current source. The proposed charge-based storage estimation treats the supercapacitor as a black-box to calculate the charge stored inside the supercapacitor through terminal current input/output. Since the manufacturer-provided leakage current has been linked to the supercapacitor model in Section II-B, no experiment is required to obtain the supercapacitor's model parameters and no simulation is required for the dynamically changing charge redistribution current.
It seems that using energy-based storage evaluation is a straightforward way for energy harvesting applications. However, using charge domain can make the case easier since, while energy is expressed by I × t × V, charge is expressed as
where V is the terminal voltage of the supercapacitor that changes nonlinearly due to the charge redistribution process. Also when estimating storage via energy, the calculation terms used are ½CV 2 , i 2 1 R 1 t, whereas the terms used in charge evaluation are I × t and C × V, so the proposed charge-based method directly uses formulas for calculation, whereas the energy-based method relies on simulations. This is supported by the fact that the charge-based method has been experimentally validated by simple recording and analysis of the terminal voltage of the supercapacitor, whereas validation of energy-based methods (as presented in the literature) has not been reported yet. A full comparison of the charge and energy-based storage evaluation methods is listed in Table IV. Analysis of a PV energy harvesting powered IoT node in the newly proposed current mode also helps to explain the reason why there is almost no charge redistribution after the end of sleep mode. Referring to Fig. 6 , the net charge current in sleep mode is I e c = (I pv -I leak -I sleep ), so when using formula (9), the maximum current flow through the C 1 branch in Fig. 3 is calculated as
When using model parameters of [9] listed in Table I (R 1 = 100 Ω, C 0 = 8.44 F and C 1 = 3.44 F) and I e c = (45 − 2 − 4) = 39˜μA, the current I 1 is calculated as 11.2 μA resulting in a 1.12 mV voltage difference between C 0 and C 1 . This tiny voltage difference corresponds to a maximum instant power loss of 12.67 nW at the beginning of the charge redistribution process and therefore the charge redistribution process is negligible in terms of storage energy loss. Similarly, when a 50 mA current is drawn from the supercapacitor in active mode, I 1 is calculated as less than 14.3 mA producing a <1.43 V voltage difference between C 0 and C 1 after the end of active mode. This large voltage difference results in 20.6 mW maximum instant power loss at the beginning of charge redistribution and therefore there is a con- siderable charge redistribution process at the end of active mode when energy loss is considered.
The estimated 1.43 V voltage difference is relatively high when considering that the voltage output is about 4.0 V. In practice, since the discharge time period in IoT applications is very limited (in the hundred ms range), even in the case of 1-s active period discharged at I = 50 mA, the voltage difference is limited to 5.89 mV due to the small amount of discharge (ΔV < I Δ t C 0 ). Therefore, terminal voltage drop caused by charge redistribution is not an issue for IoT applications when considering that the total amount of discharge is relatively small when compared with the total charge stored in the supercapacitor.
It is also worth noting that the 2.0 μA leakage current of the 5.4-V 0.5-F supercapacitor is low even when compared with the ultralow leakage current of 1.0 μA [23] measured from a coin Lithium battery of CP 1254 from Varta Microbattery GmbH. Therefore, as shown in Table V , the leakage current of the supercapacitor is not an issue in indoor sub-mW PV energy harvesting applications when comparing it with the PV current of 45 μA at 200 lx. It should also be highlighted that the leakage current of the 5.4-V 1.0-F supercapacitor from the same manufacturer is specified as 4.0 μA, therefore, the leakage current of the supercapacitor is proportional to the storage capacity. If a 10-F supercapacitor was adopted for a larger storage capacity, the estimated 40 μA leakage current would not be acceptable for the applications reported in this paper.
IV. CONCLUSION
Self-discharge has been the key concern preventing supercapacitors from being used as the sole storage component in sub-mW indoor PV energy harvesting powered IoT applications for lifetime battery-replacement-free solutions, because of the difficulty in evaluating the energy loss in the charge redistribution process, which occurs in every measurement period for IoT applications.
The proposed storage evaluation method provided a new view of calculating the total amount of charge stored in current mode, using I × t, successfully avoiding using the dynamically changing parameters of C and V for storage evaluation in the charge redistribution process. Time constant analysis and leakage current test experiments demonstrated that the manufacturer-specified tiny leakage current, although measured several days after charge, could be directly used in the chargebased storage evaluation, making the proposed method straightforward without further requirements for acquiring model parameters of the supercapacitor or for determining the initial charge state.
Finally, the tiny leakage current of the supercapacitor at the required storage capacity for sub-mW indoor PV energy harvesting applications, as revealed by the proposed method, strongly supported that a supercapacitor could be the sole storage element for PV-powered IoT nodes. Consequently, a solution is provided for lifetime battery-replacement-free applications.
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